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SYSTEMS AND METHODS FOR IMPROVED
CALCULATION OF COEFFICIENT FOR
PRICE SENSITIVITY

BACKGROUND

Parcel shipping 1s a highly competitive industry, particu-
larly for large commercial customers of parcel shipping com-
panies. These shipping clients typically purchase shipping
services through a competitive bidding process. For instance,
a shipping client takes bids on an annual basis to select a
parcel shipping company to handle substantially all of the
client’s shipping needs for an annual period. Although air and
ground shipping services are sometimes bid separately,
within these categories each contract s typically bid as an *“all
requirements’” shipping contract covering a portiolio of ship-
ping services for an extended period of time, such as, for
example, a year.

A major parcel shipping company may have thousands of
commercial contracts of this nature that are competitively
re-bid on an annual basis. In addition, each shipping client
may have aspects to their shipping needs that, 1f properly
reflected 1n the bid price, can improve the parcel shipping
company’s likelihood of winning the bid. For example, some
customers may be more expensive to provide service to than
others, due to factors such as average size of the parcels, the
typical number of parcels in each pickup, the distance and
particular locations shipped to, the proximity of pickup sites
to transportation routes, and many other factors. In practice,
knowledge of these special factors allows the parcel shipping,
company to profitably offer many potential clients a discount
or incentive to win their business.

Traditionally, bid pricing 1n the parcel shipping industry
has been assisted by computer systems that estimate the cost
of serving individual customers, taking into account the spe-
cial factors listed above. However, many traditional cost-oi-
service based bidding systems have a number of drawbacks as
pricing tools for competitively bid goods and services. Spe-
cifically, these systems lack the ability to factor the market
response of customers and competitors mto the pricing deci-
sions. This 1s because, 1n large-part, these systems are cost-
focused, even though customers may demand products and
services that are tailored to their specific needs. Thus, target
pricing systems have been developed to retlect market and
competitor response characteristics into bid pricing to
attempt to address the drawbacks of traditional cost-of-ser-
vice based bidding systems.

In many instances, these systems include market response
models that take market and competitor response character-
1stics 1nto account. In addition, these models may be config-
ured to utilize logistic regression to calculate coellicients for
both “brand preference” and “price sensitivity” input vari-
ables 1n order to determine the best estimate for the probabil-
ity of winming the bid. However, many times, the models used
in legacy systems are not able to calculate a sufficiently accu-
rate coellicient for price sensitivity, and as a result, this
parameter 1s fixed at a constant value. Therefore, a need exists
for providing an expanded data set that allows the logistic
regression approach to mathematically calculate the coetii-
cient for price sensitivity with greater accuracy.

BRIEF SUMMARY OF VARIOUS
EMBODIMENTS OF THE INVENTION

Various embodiments of the invention provide systems and
methods for creating shadow data to enhance a historical bid
data set. In particular embodiments, the historical bid data set
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includes a plurality of records 1n which each record of the
plurality of records representing a bid for business.

In various embodiments, the systems and methods are con-
figured for setting a variable N to a positive integer corre-
sponding to a number of additional data records to be added
for each record 1n the historical bid data set. In addition, the
systems and methods are configured for setting a variable
Delta to a positive number corresponding to a percentage
change 1n a price where each new data record 1s created. In
particular embodiments, the systems and methods are config-
ured for setting a variable 1 equal to 0, setting a variable P as
an original price for a bid represented by the record, and
looping N number of times for each record in the historical
bid data set.

For each loop, the systems and methods are configured for
modifying the record to use a new price P' that corresponds to
a new price ratio of PR-1*Delta, 1n response to the bid being
an accepted bid, or moditying the record to use a new price P!
that corresponds to a new price ratio of PR+1*Delta, in
response to the bid being a rejected bid. Further, for each loop,
the systems and methods are configured for saving the modi-
fied record as a new record 1in the historical bid data set to form
an enhanced historical bid data set and adding one to the
variable 1.

In various embodiments, the systems and methods are fur-
ther configured for determining a coelficient of price sensi-
tivity by performing a regression analysis on the enhanced
historical bid data set. In particular embodiments, the regres-
s1on analysis 1s performed as a logistic regression. Further, 1n
various embodiments, the systems and methods are config-
ured for defining a marketresponse model using the enhanced
historical bid data set, wherein the market response model
provides a probability of winning a bid ata particular price. In
particular embodiments, the systems and methods are further
configured for using the market response model to determine
an optimal price for the bid.

In addition, various embodiments of the invention provide
systems and methods for creating shadow data to enhance a
historical bid data set that are configured for setting a variable
N to a positive integer corresponding to a number of addi-
tional data records to be added for each record 1n the historical
bid data set, setting a variable MaxPR to a maximum price
ratio allowed, setting a variable MinPR to a minimum price
ratio allowed, and setting a variable Ratio to a real number
greater than or equal to one and defining a distance between
successive data records that are added. In these particular
embodiments, the systems and methods are configured for
setting a variable SUMMULTIPLIER equal to zero, setting a
variable PR as an original price for a bid represented by the
record, setting a variable 1 equal to one, and looping N number
of times for each record 1n the historical bid data set.

For each loop, the systems and methods are configured for
setting a variable MULTIPLIER(1)=Ratio"(i-1), setting a
variable SUMMULTIPLIER=SUMMULTIPLIER+MULTTI-
PLIER(1), and adding one to the variable 1. Further, for each
loop, the systems and methods are configured for setting a
variable  Delta=(PR-MinPR)YSUMMULTIPLIER, 1
response to the bid being an accepted bid, or setting the
variable  Delta=(MaxPR-PR)YSUMMULTIPLIER, 1
response to the bid being a rejected bid. In addition, 1n these
particular embodiments, the systems and methods are also
configured for setting a variable j equal to one and looping N
number of times.

For each of these loops, the systems and methods are con-
figured for setting a variable PARTIALSUMMULTIPLIER
to a sum of a partial array comprising MULTIPLIER(1) to
MULTIPLIER(}) and moditying the record to use a new price
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P' that corresponds to a new price ratio of
PR-Delta*PARTIALSUMMLITPLIER, 1n response the bid
being an accepted bid, or modifying the record to use a new
price P' that corresponds to a new price ratio of
PR+Delta*PURTIALSUMMULTIPLIER, 1n response to the
bid being a rejected bid. Further, in these particular embodi-

ments, the systems and methods are configured for saving the
modified record as a new record 1n the historical bid data set
to form an enhanced historical bid data set and adding one to
the vaniable ;.

BRIEF DESCRIPTION OF THE SEVERAL
VIEWS OF THE DRAWING(S)

Having thus described the mvention in general terms, ret-
erence will now be made to the accompanying drawings,
which are not necessarily drawn to scale, and wherein:

FIG. 1 shows components of a target pricing system.

FIG. 2 shows a flow diagram of a target price calculator.

FIG. 3 shows an exemplary schematic diagram of a system
that includes a market response model according to one
embodiment of the present invention.

FI1G. 4 shows an exemplary schematic diagram of a market
response server according to one embodiment of the present
invention.

FIG. 5 shows a flow diagram of a Generate MRMCoetii-
cients module according to one embodiment of the invention.

FIG. 6 shows a flow diagram of {filtering historical data
according to one embodiment of the present invention.

FI1G. 7 shows a probability of winning chart.

FIG. 8 shows a probability of winning chart.

FIG. 9a shows a flow diagram of a create shadow data
module according to one embodiment of the present inven-
tion.

FIG. 9b shows a flow diagram of a create shadow data
module according to another embodiment of the present
invention.

FIG. 10a shows a probability of winning chart.

FIG. 105 shows a probability of winning chart.

DETAILED DESCRIPTION OF VARIOUS
EMBODIMENTS OF THE INVENTION

Various embodiments of the present invention now will be
described more fully herematter with reference to the accom-
panying drawings, in which some, but not all embodiments of
the mventions are shown. Indeed, these inventions may be
embodied 1n many different forms and should not be con-
strued as limited to the embodiments set forth herein; rather,
these embodiments are provided so that this disclosure will
satisty applicable legal requirements. The term “or” 1s used
herein 1n both the alternative and conjunctive sense, unless

otherwise indicated. Like numbers refter to like elements
throughout.

I. Methods, Apparatus, Systems, and Computer
Program Products

As should be appreciated, the embodiments may be imple-
mented 1 various ways, including as methods, apparatus,
systems, or computer program products. Accordingly, the
embodiments may take the form of an entirely hardware
embodiment or an embodiment 1n which a processor 1s pro-
grammed to perform certain steps. Furthermore, the various
implementations may take the form of a computer program
product on a computer-readable storage medium having com-
puter-readable program instructions embodied in the storage
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4

medium. Any suitable computer-readable storage medium
may be utilized including hard disks, CDD-ROMs, optical stor-

age devices, or magnetic storage devices.

Particular embodiments are described below with refer-
ence to block diagrams and flowchart 1llustrations of meth-
ods, apparatus, systems, and computer program products. It
should be understood that each block of the block diagrams
and flowchart illustrations, respectively, may be implemented
in part by computer program instructions, e.g., as logical
steps or operations executing on a processor 1n a computing,
system. These computer program instructions may be loaded
onto a computer, such as a special purpose computer or other
programmable data processing apparatus to produce a spe-
cifically-configured machine, such that the instructions
which execute on the computer or other programmable data
processing apparatus implement the functions specified in the
flowchart block or blocks.

These computer program mstructions may also be stored 1n
a computer-readable memory that can direct a computer or
other programmable data processing apparatus to function 1n
a particular manner, such that the instructions stored 1n the
computer-readable memory produce an article of manufac-
ture including computer-readable instructions for implement-
ing the functionality specified in the flowchart block or
blocks. The computer program instructions may also be
loaded onto a computer or other programmable data process-
ing apparatus to cause a series of operational steps to be
performed on the computer or other programmable apparatus
to produce a computer-implemented process such that the
instructions that execute on the computer or other program-
mable apparatus provide operations for implementing the
functions specified in the flowchart block or blocks.

Accordingly, blocks of the block diagrams and flowchart
illustrations support various combinations for performing the
specified functions, combinations of operations for perform-
ing the specified functions and program instructions for per-
forming the specified functions. It should also be understood
that each block of the block diagrams and flowchart 1llustra-
tions, and combinations of blocks in the block diagrams and
flowchart illustrations, can be implemented by special pur-
pose hardware-based computer systems that perform the
specified functions or operations, or combinations of special
purpose hardware and computer instructions.

II. Target Pricing System

Target Pricing (1TP) 1s generally a methodology that
enables a company to optimize 1ts pricing and associated
business processes to mcrease profit. In many instances, TP
leverages information about competitors, costs, and market
response behavior to set customer-specific prices that maxi-
mize expected financial contribution. In various embodi-
ments, a TP system may involve using different types of
Graphical User Interfaces (GUIs) to collect account and bid
information and to submit the information to a Target Pricing
Engine (TPE) that performs an optimization and returns the
optimal price range at which to offer a bid on a particular
piece of business. Thus, a company may then use the optimal
price range to drait and submit a proposal to a potential
customer for the business associated with the bid. Such a
system 1s described 1n greater detail in U.S. Pat. No. 6,963,
854 1ssued Nov. 8, 2005 and incorporated by reference 1n 1ts
entirety.

For mnstance, FIG. 1 provides a diagram of a typical TP
system. Individuals 105, such as account executives working
for a company, enter the bids into the system through one or
more types of computer interfaces such as TP bid entry
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screens 110, a legacy account management system 115, a
service bureau 120, a sales force automation system 1235, a

product vertical interface 130, and/or other systems 135.
The TP bid entry screens 110 may be provided with the TP
system for customers who do not want or need one of the
other alternatives. The legacy account management system
115 1s typically a proprietary solution developed by the user
(e.g., company). The sales force automation system 125 1s
typically purchased from a third party software provider, such
as, for example, Siebel®, Baan®, Vantive or Oracle®. In
various embodiments, the service bureau 120 may use stan-
dard TP bid entry screens. Other systems 135 may include
such components as intertace screens developed specifically
for alternative hardware/software tools used by individuals 1n
the company, such as, for example, smart phones. The prod-
ucts vertical interface 130 may be provided as part of the TP
system, but may be customized for a particular industry, e.g.,

freight transportation.

Each of these different types of GUI’s may be used to
collect account and bid information. In various embodiments,
the GUI then submits a completed bid via a communications
link 140, which 1n various embodiments may be a communi-
cations network such as the Internet and/or an intranet, to the
TPE 145. The TPE 145 then performs the optimization and
returns the optimal price range at which to offer the bid. In
response to receiving the price range, an individual 105 in
various embodiments presents the proposal to the customer
and then negotiates with them. Once the final status of the bid
has been determined (won or lost), the bid 1s updated 1n the
system.

In various embodiments, the TPE 145 may also support
analysis via an analysis interface 150. Further, 1n particular
embodiments, the TPE 145 may also generate product report
data, which 1s used to populate a reporting data store 155 (e.g.,
one or more types of storage media such as). This data may be
extracted from the data store 155 and may be used to form the

basis of business objects 160 used i reports 165 and alerts
170.

I11. Target Price Calculator

In various embodiments, the TPE includes a Target Price
Calculator (TPC) that 1s called upon after a bid has been
constructed and needs to be priced. In various embodiments,
the TPC uses a variety of parameters to perform 1ts optimi-
zation 1n real-time. For instance, 1n particular embodiments,
the mputs include a product model that defines business
objects such as companies that include the TP user and/or 1ts
competitors, bids, products and/or services that the TP user
provides 1 a bid and/or are provided by competitors, and
options for auxiliary sub-products that can be added to a
product, but that cannot typically be ordered on their own.
Further, in particular embodiments, the inputs include param-
cters used for calculating market response, which may
involve running a Market Response Model (MRM) at regular
intervals to update these parameters in response to recently
observed bid data.

According to various embodiments, the TPC may perform
several steps 1n order to calculate a target bid price. For
instance, FI1G. 2 provides a tlow diagram of typical functions
(e.g., steps) performed by the TPC according to one embodi-
ment. As will be apparent from a review of the below steps,
the steps carried out by the TPC 1n various embodiments are
readily adaptable for use 1n an automated system, such as in
soltware executing on a computer platform.

In Step 201, the TPC prices the bid preferably using list
prices 1n a product model. In particular embodiments, these
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prices may be gathered directly from current data or obtained
from a third party or proprietary pricing system. In Step 202,

the TPC costs the bid using the costs 1n the product model. In
particular embodiments, these costs may either be gathered
manually, obtained from a proprietary costing system from
third parties, and/or retrieved 1n real-time from external sys-
tems.

Once the bid 1s costed the TPC calculates an equivalent
competitor net price for the bid, shown as Step 203. In various
embodiments, the equivalent competitor net price 1s the price
competitor(s) would charge to the particular customer after
any discounting has occurred. In various embodiments, the
list prices for competitor products are preferably maintained
in the product model, but an appropnate discounting mecha-
nism may be applied to the list prices to determine the net
price.

Next, in Step 204, the TPC calculates the probability of
winning the bid as a function of the company’s price. In
particular embodiments, the probability 1s preferably calcu-
lated using the parameters from a MRM as described 1is
greater detail below. In addition, 1n particular embodiments,
the benefits of target pricing over the company’s existing
pricing approach may be calculated.

Further, 1n various embodiments, the TPC 1s configured to
perform an optimization process to generate the optimum
target bid price. Thus, 1 Step 205, the TPC computes the
price that maximizes the expected revenue contribution for
the bid. In particular embodiments, this step 1s performed by
the TPC balancing the contribution which increases as price
increases, and the win probability, which decreases as price
Increases.

(Given the target price computed above, the TPC applies
any applicable discounts to each product within the bid,
shown as Step 206. In addition, 1n particular embodiments,
Steps 205 and 206 may be repeated taking into account any
strategic objectives that have been specified, such as, for
example, minimum success rates used to override the mitial
values calculated. Thus, 1n these particular embodiments, the
TPC determines whether the strategic objectives have been
considered, shown as Step 207. Finally, 1n Step 208, the TPC
communicates a target price (e.g., a target price range). For
instance, in one embodiment, the TPC relays the target price
(e.g., a target price range) back to an account bid system so
that the price may be used 1n a bid proposal to the customer.

IV. Market Response Model

As mentioned above, 1n various embodiments, a Market
Response Model (MRM) 1s used 1n calculating the target bid
price. Such a MRM 1s described 1n greater detail in U.S.
Published Patent Application 2003/0220773, which 1s incor-
porated by reference in its entirety. In particular embodi-
ments, the MRM calculates the win probability as a function
ol price through the examination of historical bid information
at various prices. Further, in particular embodiments, the
MRM requires that customers be segregated into distinct
market segments. These market segments may be determined
through a detailed analytical investigation.

In various embodiments, the MRM performs three key
functions. First, the MRM updates the coetlicients for market
response predictors on the basis of historical data. These
predictors are measurement or indicator variables used to
estimate (or predict) the win probability for a bid. Typically,
in various embodiments, these predictors are broken down
into market segmentation criteria and/or bid variables. Sec-
ond, the MRM evaluates the price-independent predictors for
a particular bid to generate a market response curve that
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depends only on price. Third, the MRM calculates the esti-
mated probability of winning (e.g., the market response) for a
particular bid and offered price. Predictors may be market
segmentation criteria, bid drivers, or a product of several of
these. In various embodiments, the bid drivers are defined at
implementation time and cannot be modified with the TP
system.

To provide these functions in various embodiments, the
MRM may support one or more lower level services (e.g.,
modules). For example, as shown in FIG. 3, the MRM 302
may support the InitializeMRMForBid module 303. In par-
ticular embodiments, the TPC 301 invokes this module 303
once for each bid prior to starting the optimization process.
Once a bid 1s known, the values of all variables except those
based on price may be known. This module 303 evaluates
cach of the price-independent variables and computes their
SUI.

In addition, 1n particular embodiments, the InitializeM-
RMForBid module 303 and/or a GenerateMRMCoetlicients
module 500 may invoke the TranstormPricelndependent-
Variables module (not shown). In various embodiments, this
module produces a set of values of market response drivers
involving functional transformations of non-price bid
attributes. These attributes may refer to a new bid, a currently
active bid, or historical bids.

In addition, in particular embodiments, the TPC 301
invokes the CalculateWinProbabilityGivenPrice module 304
to determine the target price. The values of the price-depen-
dent variables are computed based on the given price and are
plugged into the formula along the values computed by Ini-
tializeMRMForBid module 303 to obtain the win probabaility.
In particular embodiments, the CalculateWinProbabilityGiv-
enPrice module 304 mmvokes a TransformPriceDependent-
Variables (not shown) to produce a set of values of market
response drivers. Each driver may invoke a price variable and
possibly other bid attributes that may refer to a new bid, a
currently active bid, or historical bids.

In addition, in particular embodiments, the TPC 301
invokes a GenerateMRMCoellicients module 500. As
described 1n greater detail below, part of the process for
generating the coelficients 1s applying data filters to the his-
torical bids (e.g., historical bid data 309) to obtain a set of bids
that 1s be used for model fitting. In various embodiments, a
regression 1s run to obtain the coetlicients of the variables.

In addition, i particular embodiments, the TPC 301
invokes an ExpandParameterSet Module 305 prior to running
the regression or displaying the model coeflicients 11 the
parameter set does not contain the expanded model represen-
tation. Finally, the TPC 301 invokes a CustomCode module
306 that may provide customized functionality based on the
particular customer’s system. For instance, in particular
embodiments, the CustonCode module 306 may include such
functionality as retrieving price dependent, price idepen-
dent, discrete variable names and discrete variable levels and
transforming the price dependent, price independent, and
discrete variables.

For every predictor, the MRM 302 estimates and stores the
coellicient values which define a market response curve. At
run time, these coelficients are used 1n combination with bid
characteristics to calculate win probabilities. That 1s, a model
1s build by fitting associated coellicients with identified pre-
dictors so as to define one or more win probability curves.
Typically, coetlicients fall into two categories: price-depen-
dent and price independent. In particular embodiments, the
price-independent coellicients may be viewed as constants
and computed 1n advance when computing the optimal target
price.
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In various embodiments, the inputs to the MRM 302 may
include the market segments 308 and the price-dependent and

price-independent predictors for each market segment. The
outputs from the MRM 302 may include price-independent
and price-dependent coellicients, bid-specific market
response curves, and bid-and-price-specific win probability
estimates.

V. Market Response Server

In various embodiments, the MPM 302 may reside on one
or more computing devices (such as one or more servers).
FIG. 4 provides a schematic of a market response server 400
according to one embodiment of the present invention. The
term “server” 1s used generically to refer to any computer,
computing device, desktop, notebook or laptop, distributed
system, server, gateway, switch, or other processing device
adapted to perform the functions described herein. As will be
understood from this figure, 1n this embodiment, the market
response server 400 includes a processor 60 that communi-
cates with other elements within the market response server
400 via a system 1nterface or bus 61. The processor 60 may be
embodied 1n a number of different ways. For example, the
processor 60 may be embodied as various processing means
such as a processing element, a miCroprocessor, a Coproces-
sor, a controller or various other processing devices including
integrated circuits such as, for example, an application spe-
cific integrated circuit (“ASIC™), a field programmable gate
array (“FPGA™), a hardware accelerator, or the like. In an
exemplary embodiment, the processor 60 may be configured
to execute mstructions stored 1n the device memory or other-
wise accessible to the processor 60. As such, whether config-
ured by hardware or software methods, or by a combination
thereol, the processor 60 may represent an entity capable of
performing operations according to embodiments of the
present invention while configured accordingly. A display
device/mput device 64 for receiving and displaying data 1s
also included 1n the market response server 400. This display
device/mput device 64 may be, for example, a keyboard or
pointing device that 1s used in combination with a monaitor.
The market response server 400 further includes memory 65,
which may include both read only memory (“ROM”) 66 and
random access memory (“RAM”) 67. The application serv-
er’s ROM 66 may be used to store a basic imnput/output system
(“BI0OS”) 26 containing the basic routines that help to transfer
information to the different elements within the market
response server 400.

In addition, 1n one embodiment, the market response server
400 1includes at least one storage device 63, such as a hard disk
drive, a CD drnive, and/or an optical disk drive for storing
information on various computer-readable media. The stor-
age device(s) 63 and 1ts associated computer-readable media
may provide nonvolatile storage. The computer-readable
media described above could be replaced by any other type of
computer-readable media, such as embedded or removable
multimedia memory cards (“MMCs™), secure digital (“SD”)
memory cards, Memory Sticks, electrically erasable pro-
grammable read-only memory (“EEPROM?™), flash memory,
hard disk, or the like. Additionally, each of these storage
devices 63 may be connected to the system bus 61 by an
appropriate interface.

Furthermore, a number of program modules (e.g., set of
computer program instructions) may be stored by the various
storage devices 63 and/or within RAM 67. Such program
modules may include an operating system 80, the InitializeM -
RMForBid module 303, the CalculateWinProbabilityGiven-
Price module 304, the ExpandParameterSet module 305, the
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CustomCode module 306, and the GenerateMRMCoeffi-
cients module 500, as previously described, and a create

shadow data module 900. As previously explained, these
modules 303, 304, 305, 306, 500, 900 may control certain
aspects of the operation of the market response server 400
with the assistance of the processor 60 and operating system
80, although their tfunctionality need not be modularized.

Also located within the market response server 400, 1n one
embodiment, 1s a network interface 74 for interfacing with
various computing entities. This communication may be via
the same or different wired or wireless networks (or a com-
bination of wired and wireless networks), as discussed above.
For instance, the communication may be executed using a
wired data transmission protocol, such as fiber distributed
data interface (“FDDI”), digital subscriber line (“DSL™"), Eth-
ernet, asynchronous transier mode (“ATM”), frame relay,
data over cable service interface specification (“DOCSIS”),
or any other wired transmission protocol. Similarly, the mar-
ket response server 400 may be configured to communicate
via wireless external communication networks using any of a
variety of protocols, such as 802.11, general packet radio
service (“GPRS”), wideband code division multiple access
(“W-CDMA”), or any other wireless protocol.

It will be appreciated that one or more of the market
response server’s 400 components may be located remotely
from other market response server 400 components, such as
multiple market response servers 400. Furthermore, one or
more of the components may be combined and additional
components performing functions described herein may be
included in the market response server 400.

V1. Exemplary System Operation

Reference will now be made to FIGS. 5-1056 which 1illus-
trate operations and processes as produced by various
embodiments of the invention. For mstance, FIG. 5 provides
a flow diagram of the GenerateMRMCoefllicients module 500
as previously described above. FIG. 6 provides a tflow dia-
gram for filtering historical data that 1s used to form the data
set used by the GenerateMRMCoetlicients module 500
according to various embodiments. Further, FIGS. 9¢ and 956
provide tlow diagrams of a create shadow data module 900
invoked by the GenerateMRMCoelficients module 500
according to various embodiments. These modules 500, 900
are described 1n greater detail below.

a. GenerateMRMCoefllicients Module

As previously described, i various embodiments, the TPC
301 1invokes a GenerateMRMCoellicients module 500 to gen-
erate the coellicients used in combination with account and
bid characteristics to calculate win probabilities. FIG. 5 illus-
trates a flow diagram of the GenerateMRMCoellicients mod-
ule 500 according to various embodiments. This flow diagram
may correspond to the steps carried out by the processor 60 in
the market response server 400 shown 1n FI1G. 4 as 1t executes
the module 500 1n the server’s RAM memory 67 according to
various embodiments.

Thus, starting with Step 501, the GenerateMRMCoetli-
cients module 500 retrieves a current parameter set. In various
embodiments, the parameter set may include market segmen-
tation and bid characteristics. As previously described, mar-
ket segments may be defined so that information on groups
with similar attributes are used for various functionality 1in the
TP system. For instance, segments may be defined under
discrete segmentation such as grouping customers by regions
of the country. Continuous segmentation may also be used to
group customers into specific buckets using a continuous
indicator variable such as annual revenues. Hierarchical mar-
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ket segmentation may also be used to group customers into
more than one layer of segmentation such as geographic
region (e.g., North, South, East, and West) and state (e.g.,
Flonida, Georgia, Maine, New York). Any combination of
these or other segmentation techniques may be sued to group
data. In various embodiments, these market segments may be
used i market response modeling for estimating how differ-
ent types of customers react to different prices, for price and
cost modeling, to model competitor discounting behavior,
and to model pre-existing pricing methods.

In many 1nstances, bid characteristics are set up by the
system owner during installation and the values for the char-
acteristics are specific to the particular bid being evaluated.
For example, the bid characteristics may be defined as bid
volume (e.g., the quantity ordered for a given portfolio), bid
gross revenue (e.g., list pricexquantity for all products 1n the
portiolio), bid contribution (e.g., contribution=(revenue-
cost)xquantity for all the products 1n a given bid), and key
competitors (e.g., define competitors that exist for a given
bid).

The GenerateMRMCoellicients module 500 next retrieves
historical data on one or more bids, shown as Step 502. In
various embodiments, the historical data includes variables
reflecting customer characteristics, product characteristics,
and market characteristics. This data may be stored either
internally within the TP system or may retrieved from an
external source. For instance, the historical data may come
from multiple sources such as sources that represent current
marketplace conditions, sources that include data from a mix
of products and competitors, and/or sources that include a
complete set of quote records (e.g., account characteristics,
quote characteristics, prior prlce offered, competitors, com-
petitors’ offered prices, and prior quote winners). Next, in

Step 503, the GenerateMRMCoellicients module 500 applies
one or more data filters to the historical data. As 1s described
in greater detail below, this step 1s performed to exclude data
for undesired bids from the data set used to determine the
coellicients.

In Step 504, the GenerateMRMCoetlicients module 500
forms the data set used to run the regression. That 1s, 1n
various embodiments, the GenerateMRMCoellicients mod-
ule 500 transforms the bid attributes into forms that can be
used 1n the MRM 302. For instance, 1n particular embodi-
ments, the GenerateMRMCoeflicients invokes one or more
modules to transform the price independent variables, the
price dependent variables, and the discrete variables for each
bid 1n the filtered historical data into a form that can be used
in the MRM 302. In many instances, the modules invoked to
perform the transformation may mclude custom code because
of vaniations in the historical bid data that may have from user
to user.

Once the data set 1s 1n the proper form, the GenerateMR M-
Coellicients module 500 runs a regression analysis on the
data set, shown as Step 505. Dependent on the embodiment,
the module 500 may use different forms of regression on the
data set. For instance, in various embodiments, the module
500 performs binomial logistic regression on the data set.
While 1n other embodiments, the module 500 performs mul-
tinomial logistic regression. Thus, in these particular embodi-
ments, the GenerateMRMCoetficients module 500 uses the
logit function to determine the best fitting market response
curve. This form of regression may be used 1n order to ensure
the output 1s between zero and one for any set of character-
istics. In addition, this form of regression provides a smooth
negative slope that makes 1t easy to get price sensitivity from
the first dervative, and mathematical properties of the logit
function offer efficient numerical computation and an 1ntui-
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tive interpretation of the fitted coetlicients. As a result of the
regression analysis, the coetlicients for the market response
variables are calculated. Given these coeflicients, the win
probability of any bid can easily be calculated for a specific
price.

In Step 506, the GenerateMRMCoellicients module 500
saves the output of the regression. For instance, in one
embodiment, the GenerateMRMCoeflicients module 500
saves the output to one or more files that are stored within the
TP system. While in another embodiment, the module 500
saves the output to one or more databases within the TP
system. It should be apparent to those of ordinary skill 1n the
art 1n light of this disclosure that the output may be saved in a
variety ways using a variety of storage media. Finally, 1in Step
507, the GenerateMRMCoellicients module 500 saves the
determined coetlicients 1n the active parameter set. As a
result, the coelflicients may then be used for future target
pricing 1nquiries to calculate win probabilities.

Returming to Step 503 for filtering the historical data, FIG.
6 provides a flow diagram of the steps carried out by the
GenerateMRMCoellicients module 300 according to one
embodiment. In Step 601, the GenerateMRMCoellicients
module 500 excludes bids won by competitors not named in
the list of competitors in the active parameter set. Further, in
Step 602, the GenerateMRMCoellicients module 300
excludes flagged data. In particular embodiments, various
bids 1n the historical data set may be marked with an “exclude
bid” flag for various reasons. For instance, a particular bid
may be identified as an outliner because the bid represents a
winning bid however the bid may have been won because of
circumstances outside of the bid characteristics. For example,
a bid may have been won because the bid was enter by a
company owned by a relative of an officer of the company
accepting the bid. Therefore, the bid may have been won
because of nepotism as opposed to the competitive nature of
the bid. Therefore, 1n this mstance, the bid may be marked
with an exclusion tlag.

In Step 603, the GenerateMRMCoellicients module 500
creates shadow data to add to the historical bid data. In vari-
ous embodiments, one of the coelficients calculated by the
GenerateMRMCoellicients module 500 1s a coelficient for
price sensitivity. Typically, the probability of winning a bid
decreases as the bid price increases. That 1s, typically, CUS-
tomers are less willing to purchase a product as the price of
the product increases. However, under certain circumstances,
the probability of winning a bid may have a direct relatlonsth
with bid price as opposed to an inverse relationship. There are
a number of reasons this may occur. For instance, 1n certain
circumstances, one or more competitors may employ implicit
strategies. For example, in certain circumstances, there may
be situations 1n which a buyer may be willing to pay a higher
price to a particular seller because of certain intangibles such
as long-term loyalty and/or superior service. Under these
circumstances, the seller may recognize this and may delib-
erately set the price higher to maximize profit. In the converse
situation, a seller may realistically have little chance of win-
ning a bid and may be willing to gamble with a very low price
offer. If these two scenarios occur with some frequency, the
historical data may produce results that are not reasonably
sound. To counter this effect, in many instances, the coelli-
cient for price sensitivity 1s arbitrarily fixed as a constant
(e.g., —12) for all customers and products.

To turther illustrate this problem, consider a historical data
set consisting of two bids: (1) Customer A accepts a bid at a
price ratio (calculated as the company’s price divided by the
competitor’s price) 010.95 and (2) Customer B rejects a bid at
a price ratio of 1.05. Solving this example with logistic
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regression gives the probability curve shown 1n FIG. 7. This
curve 1s consistent with a rational decision-maker 1n that as
the company’s price (and the price ratio) 1s reduced, the
customer 1s more likely to accept the bid. However, il two
more data points are added that include (3) Customer C
rejects a bid at a price ratio of 0.95 and (4) Customer D
accepts a bid at a price ratio of 1.05, the probability curve
becomes the curve shown 1n FIG. 8. This curve 1s inconsistent
with arational decision-maker 1n that the company’s price has
zero 1mpact on the probability of winning the bid. However,
historical data sets of bid information are typically centered
on a price ratio o 1.0 because many bids offered to customers
are at or near the competitor’s price, with other “brand pret-
erence’ attributes becoming the deciding factor 1n bid accep-
tance (as explained above). Furthermore, any uncertainty in
the competitor’s price as used in the calculation of the price
ratio can exacerbate the problem by perturbing the price ratio
by small amounts 1n either direction. As aresult, using logistic
regression to calculate the price sensitivity can lead to 1rra-
tional results that indicate that customers do not consider
price or, 1n some cases, are more likely to accept a bid at
higher prices than at lower prices.

Thus, to offset these particular situations, the GenerateM -
RMCoefficients module 500 in various embodiments of the
invention 1s configured to create shadow data. As 1s explained
in greater detail below, shadow data 1s used to counter the data
representing the surprising bid outcomes as described above
and 1s based on assumptions about a rational decision-maker.
Therefore, 1n various embodiments, shadow data 1s used to
enhance the historical bid data with corresponding “shadow
data points™ 1n order to increase the accuracy of the coetficient
for price sensitivity. As 1s described below, 1n these particular
embodiments, the GenerateMRMCoefficients module 500 1s
configured to invoke a create show data module 900 to per-
form this function of enhancing the historical bid data with
shadow data points.

b. Create Shadow Data Module

In various embodiments, the create shadow data module
900 works under one or more assumptions about a rational
customer. For instance, 1n particular embodiments, the create
shadow data module 900 works under the assumption that 1f
a customer accepts a bid at a price of X, then the customer
would accept a similar bid at any price less than X. Further, in
particular embodiments, the create shadow data module 900
works under the assumption that 11 the customer rejects a bid
at a price of X, then the customer would reject a similar bid at
any price greater than X. In addition, i1t should be noted that
simply arbitrarily adding a large number of shadow data
points 1ncreases the size of the data set significantly, which
increases the time 1t takes for the GenerateMRMCoellicients
module 500 to solve for the logistic regression coelficients.
Theretfore, in various embodiments, the create shadow mod-
ule 900 1s configured to enhance the historical bid data by
adding data points in specific areas to provide greater benefit
to the price sensitivity calculations.

FIG. 9a illustrates a flow diagram of the create shadow data
module 900 according to one embodiment. For this particular
version of the module 900, two parameters (in addition to the
historical bid data) are used for input. The first parameter 1s
Delta, which 1s a positive number corresponding to a percent-
age change 1n the firm’s price where each new data point will
be created. The second parameter 1s N, which 1s a positive
integer corresponding to the number of additional data points
to be added for each existing data point in the historical bid
data set.

Beginning with Step 9014, the create shadow data module
900 loads the historical bid data. For instance, in one embodi-
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ment, the create shadow data module 900 loads the historical
bid data 1n temporary storage. This storage may be located,
for example, on the market response server 400, another
computing device, or on some storage media. Further, 1n
particular embodiments, the historical bid data may have
already been filtered by the Generate MRMCoellicients mod-
ule 500 by excluding the competitor data and/or the data that
has been flagged (as previously described).

In Step 902a, the create shadow data module 900 reads a
record from the historical bid data. The term “record” 1s used
to represent data from the historical bid data related to a single
bid. In Step 903a, the create shadow data module 900 sets a
counter (e.g., 1) to zero (0) and modifies the bid data for the
record to use a new price, shown as Step 904q. In this par-
ticular embodiment, the create shadow data module 900 first
determines whether the current record 1s for an accepted bid
or for arejected bid. Allowing for P to be the original price for
the bid, for an accepted bid, the create shadow data module
900 modifies the bid data for the current record to use a new
price P' that corresponds to a new price ratio of PR-1*Delta.
For a rejected bid, the create shadow data module 900 modi-
fies the bid data for the current record to use anew price P' that
corresponds to a new price ratio of PR+1*Delta. The create
shadow data module 900 then creates a new record from the
modified bid data record to add to the historical bid data,
shown as Step 9054a. Thus, as a result, the historical bid data
(e.g., enhanced historical bid data) now includes the current
record read by the create shadow data module 900 and a new
record created from the modified data of the current record.

In Step 906a, the create shadow data module 900 1ncre-
ments the counter 1 and determines whether the counter 1 1s
greater than the parameter N, shown as Step 907a. It the
create shadow data module 900 determines the counter11s not
greater than the parameter N, the create shadow data module
900 repeats Steps 904a, 905a, and 906a using the incre-
mented counter 1. However, 1f the create shadow data module
900 determines the counter 1 1s greater than N, the create
shadow data module 900 determines whether the current
record 1s the last record 1n the historical bid data set, shown as
Step 908a. It the current record 1s not the last record 1n the
historical bid data set, the create shadow data module 900
reads the next record from the historical bid data set, shown as
Step 9024, and repeats the process (e.g., Steps 903a, 904a,
9054, 906a, 907a, and 908a) for the newly read record.

Once the create shadow data module 900 determines the
last record has been read and processed, the module 900
stores the enhanced historical bid data, shown as Step 909a.
Thus, 1n various embodiments, the create shadow data mod-
ule 900 may store the enhanced historical bid data 1n tempo-
rary and/or permanent storage. As a result, the GenerateM-
RMCoeftlicients module 500 then uses the enhanced
historical bid data to form the data set for the regression
analysis.

It should be noted that the result of the procedure described
above 1s an enhanced historical data set that has N+1 times as
many records as the beginning historical bid data set. There-
fore, using the four data points 1n the second example
described above and iputs of Delta=0.05 and N=5, the price
sensitivity 1s now calculated as show 1n FIG. 10a. The result
1s a curve that 1s rational with respect to changes in price.

FI1G. 9b1llustrates a flow diagram of the create shadow data
module 900 according to a second embodiment. For this
particular version of the module 900, four parameters (in
addition to the historical bid data) are used for input. These
four parameters include: (1) MaxPR, which 1s the maximum
price ratio allowed; (2) MinPR, which 1s the minimum price
ratio allowed; (3) Ratio, which 1s a real number greater than or
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equal to 1 defining the distance between successive data
points that are added, a value of 1 results 1n equal distances
between data points, a value much greater than 1 adds points
closer to the original bid than the extremes; and (4) N, which
1s a positive integer corresponding to the number of additional
data points to be added for each existing data point in the
historical bid data set.

Therefore, turning to FIG. 95, the create shadow data mod-
ule 900 loads the historical bid data (Step 9015) and reads the
first record of the historical bid data (Step 9025) in similar
fashion as described above with respect to the version of the
create shadow data module 900 described 1n FIG. 9a. In Step
9035, the create shadow data module 900 sets the variable
SUMMULTIPLIER=zero (0) and, in Step 9045H, sets the
counter 1=one (1). Next, the create shadow data module 900
sets the variable MULTIPLIER(1)=Ratio (i-1), shown as
Step 905bH, and sets SUMMULTIPLIER= SUMMULTI-
PLIER+MULTIPLIER(1), shown as Step 9065. Next, the cre-
ate shadow data module 900 increments the counter 1 by one
(1), shown as Step 9075. In Step 908b, the create shadow data
module 900 determines whether the counter 1 1s greater than
the variable N. If the counter 1 1s not greater than N, the create
shadow data module 900 returns to Step 9055 and re-sets the
variable MULTIPLER(1) and repeats Steps 9065, 9075, and
908b. Thus, the create shadow data module 900 loops through
these steps N number of times.

If the counter 1 1s greater than N, the create shadow data
module 900 then sets the variable DELTA, shown as Step
909b. For this particular embodiment, allowing for PR be the
original price ratio for this bid, the create shadow data module
900 sets DELTA based on whether the current record 1s for an
accepted bid or for a rejected bid. If the current record 1s for
an accepted bid, the create shadow data module 900 sets
DELTA=(PR-MinPR)/SUMMULTIPLIER. However, if the
current record 1s for a rejected bid, the create shadow data
module 900 sets DELTA=(MaxPR-PR)/SUMMULTI-
PLIER.

Next, the create shadow data module 900 resets the counter
1to 1, shown as Step 9105. In Step 9115, the create shadow
data module 900 sets the variable PARTTALSUMMULTI-
PLIER to the sum of the partial array of MULTIPLIER(1) to
MULTIPLIER(). Allowing for P be the original price for this
bid, the create shadow data module 900 modifies the bid data
for the current record, shown as Step 91254. If the current
record 1s for an accepted bid, the create shadow data module
900 modifies the bid data for the current record to use a new
price P' that corresponds to the new price ratio of
PR-DELTA*PARTIALSUMMULTIPLIER. However, 1f the
current record 1s for a rejected bid, the create shadow data
module 900 modifies the bid data for the current record to use
a new price P' that corresponds to the new price ratio of
PR+DELTA*PARTIALSUMMULTIPLIER.

Next, the create shadow data module 900 creates a new
record from the modified bid data for the historical bid data
set, shown as Step 9135. Thus, the historical bid data set (e.g.,
enhanced historical bid data set) now includes the current
record read by the create shadow data module 900 and a new
record created from the modified data of the current record. At
this point, the create shadow bid data module 900 increments
the counter 1 by one (1), shown as Step 9145, and determines

whether the counter j 1s greater than the variable N, shown as
Step 91355b. If the counter j 1s not greater than N, the create
shadow data module 900 returns to Step 9115 and sets the
variable PARTIALSUMMULTIPLIER as describe above.
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The create shadow data module 900 then repeats Steps 9125,
91356, 914b, and 9155, looping through these steps N number
of times.

If the counter j 1s greater than N, the create shadow data
module 900 determines whether the current record 1s the last
record of the historical bid data set, shown as Step 9165. If the
current record 1s not the last record of the historical bid data
set, the create shadow data module 900 returns to Step 9025,
reads the next record from the historical data set, and repeats
the process for the newly read record. However, 11 the current
record 1s the last record of the historical data set, the create
shadow data module 900 stores the enhanced historical bid
data as previously described with respect to the version of the
create shadow data module 900 described 1n FIG. 9a, shown
as Step 917b.

The result of this procedure 1s an enhanced historical bid
data set that has N+1 times as many records as the original
historical bid data set. Thus, using the four data points in the
second example described above and iputs of N=3,
MaxPR=1.5, MinPR=0.5, and Ratio0=1.61803399, the price
sensitivity 1s now calculated as show 1n FI1G. 1056. That 1s, the
result 1s a curve that 1s rational with respect to changes in
price.

d. Additional Comments

It should be understood that the functionality of various
modules described above may be combined or separated in
particular embodiments. Therefore, the descriptions of the
various modules are provided above as they relate to the
functionality performed by various embodiments of the
invention and should not be construed to limit the scope of the
claimed invention.

VII. Conclusion

Many modifications and other embodiments of the mven-
tions set forth herein will come to mind to one skilled in the art
to which these mventions pertain having the benefit of the
teachings presented in the foregoing descriptions and the
associated drawings. Therefore, 1t 1s to be understood that the
inventions are not to be limited to the specific embodiments
disclosed and that modifications and other embodiments are
intended to be included within the scope of the appended
claims. Although specific terms are employed herein, they are
used 1n a generic and descriptive sense only and not for
purposes ol limitation.

The mvention claimed 1s:

1. A method for creating shadow data to enhance a histori-
cal bid data set, the historical bid data set comprising a plu-
rality of records, each record of the plurality of records rep-
resenting a bid for business, the method comprising the steps
of:

setting, via one or more processors, a variable N to a

positive integer corresponding to a number of additional
data records to be added for each record in the historical
bid data set;

setting, via the one or more processors, a variable Delta to

a positive number corresponding to a percentage change

in a price where each new data record 1s created; and

for each record of the plurality of records:

setting, via the one or more processors, a variable 1 equal
to O;

setting, via the one or more processors, a variable P as an
original price for a bid represented by the record; and

looping, via the one or more processors, N number of
times, wherein for each loop:
in response to the bid being an accepted bid, modify-

ing, via the one or more processors, the record to
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use a new variable P' as a new price that 1s based
upon a new price ratio of (PR-1*Delta);

in response to the bid being a rejected bid, moditying,
via the one or more processors, the record to use a
new variable P' as a new price that 1s based upon a
new price ratio of (PR+1*Delta);

saving, via the one or more processors, the modified
record as a new record in the historical bid data set
to form an enhanced historical bid data set; and

adding, via the one or more processors, one to the
variable 1.

2. The method of claim 1 further comprising the step of
determining a coellicient of price sensitivity by performing a
regression analysis on the enhanced historical bid data set.

3. The method of claim 2, wherein the regression analysis
1s performed as a logistic regression.

4. The method of claim 1 further comprising the step of
defining a market response model using the enhanced histori-
cal bid data set, the market response model providing a prob-
ability of winming a bid at a particular price.

5. The method of claim 4 further comprising the step of
using the market response model to determine an optimal
price for the bid.

6. A system for creating shadow data to enhance a historical
bid data set, the historical bid data set comprising a plurality
ofrecords, each record of the plurality of records representing
a bid for business, the system comprising;:

memory; and

at least one computer processor configured to:

read a variable N from the memory, the variable N being
a positive mteger corresponding to a number of addi-
tional data records to be added for each record 1n the
historical bid data set;
read a variable Delta from the memory, the variable
Delta being a positive number corresponding to a
percentage change 1n a price where each new data
record 1s created; and
for each record of the plurality of records:
set a variable 1 equal to O;
set a variable P as an original price for a bid repre-
sented by the record; and
loop N number of times, wherein for each loop:
in response to the bid being an accepted bid, modity
the record to use a new variable P' as a new price
that 1s based upon a new price ratio of (PR-
1*Delta);
in response to the bid being a rejected bid, modity
the record to use a new variable P' as a new price
that 1s based upon a new price ratio of (PR+
1*Delta);
store the modified record as a new record 1n the
historical bid data set 1n the memory to form an
enhanced historical bid data set; and
add one to the variable 1.

7. The system of claim 6, wherein the at least one computer
processor 1s configured to determine a coeflicient of price
sensitivity by performing a regression analysis on the
enhanced historical bid data set.

8. The system of claim 7, wherein the at least one computer
processor 1s configured to perform the regression analysis as
a logistic regression.

9. The system of claim 6, wherein the at least one computer
processor 1s configured to define a market response model
using the enhanced historical bid data set, the market
response model providing a probability of winning a bid at a
particular price.
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10. The system of claim 9, wherein the at least one com- for each record of the plurality of records:
puter processor 1s configured to use the market response set a variable 1 equal to O;
model to determine an optimal price for the bid. set a variable P as an original price for a bid represented
11. A non-transitory computer-readable medium contain- by the record; and
ing executable code for creating shadow data to enhance a > loop N number of times, wherein tfor each loop:
historical bid data set, the historical bid data set comprising a in response the bid being an accepted bid, modity the

record to use a new variable P' as a new price that 1s
based upon a new price ratio of (PR-1*Delta);
in response to the bid being a rejected bid, modity the
10 record to use a new variable P' as a new price that 1s
based upon a new price ratio of (PR+1*Delta);
store the modified record as a new record 1n the his-
torical bid data set in the memory to form an
enhanced historical bid data set; and
15 add one to the variable 1.

plurality of records, each record of the plurality of records
representing a bid for business, that when executed by at least
one computer processor causes the at least one computer
processor 1o:

read a variable N, the variable N being a positive integer
corresponding to a number of additional data records to
be added for each record in the historical bid data set;

read a variable Delta, the vaniable Delta being a positive
number corresponding to a percentage change 1n a price
where each new data record 1s created; and ¥k ok k%
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